Biologic markers of immune tolerance may facilitate tailoring of immune suppression duration after allogeneic hematopoietic cell transplantation (HCT). In a cross-sectional study, peripheral blood samples were obtained from tolerant (n = 15, median 38.5 months post-HCT) and non-tolerant (n = 17, median 39.5 post-HCT) HCT recipients and healthy control subjects (n = 10) for analysis of immune cell subsets and differential gene expression. There were no significant differences in immune subsets across groups. We identified 281 probe sets unique to the tolerant (TOL) group and 122 for non-tolerant (non-TOL). These were enriched for process networks including NK cell cytotoxicity, antigen presentation, lymphocyte proliferation, and cell cycle and apoptosis. Differential gene expression was enriched for CD56, CD66, and CD14 human lineage-specific gene expression. Differential expression of 20 probe sets between groups was sufficient to develop a classifier with > 90% accuracy, correctly classifying 14/15 TOL cases and 15/17 non-TOL cases. These data suggest that differential gene expression can be utilized to accurately classify tolerant patients following HCT. Prospective investigation of immune tolerance biologic markers is warranted.
Introduction
Biologic markers of immune tolerance may facilitate individualized management of immune suppression following transplantation. While experimental evidence supports multiple active cellular and molecular mediators of immune tolerance, [1] less data exists in the human clinical setting following solid organ or allogeneic hematopoietic cell transplantation (HCT). Clinical transplantation tolerance has been characterized by absence of ongoing immunologic injury due to incompatibility between donor and recipient without ongoing immunosuppressive (IS) therapy. Acute and chronic graft vs. host disease (GVHD), the major clinical manifestations of immunologic injury after HCT, commonly develop or reoccur after attempted IS discontinuation and result in morbidity and mortality.
Investigators have reported differential gene expression associated with the tolerant clinical phenotype in solid organ transplantation. [2] [3] [4] [5] At the present time, clinical application is limited, as the majority of solid organ transplant recipients require life-long immune suppression. Conversely, while most patients eventually discontinue IS after HCT, current scientific understanding is limited: Data on the required duration of IS after HCT is largely lacking. [6] Clinical judgment does not discern drug-suppressed immune response from development of immune tolerance, and there are no validated clinical or biologic determinants of immune tolerance after HCT. Thus, current practice of IS discontinuation after HCT is empiric, markedly heterogeneous and complicated by GVHD following IS discontinuation. [7] Insight into mechanisms of clinical transplantation tolerance and translation of this knowledge to strategies for individualized management of IS would represent major advances. We examined peripheral blood immune cell subsets and differential gene expression between tolerant patients after HCT, non-tolerant HCT patients, and healthy control subjects to discover biologic markers of immune tolerance.
Patients and Methods

Identification of study patients
From long-term survivors of allogeneic hematopoietic cell transplantation (HCT) in the Moffitt Cancer Center Blood and Marrow Transplantation Program, tolerant patients (TOL) were identified. Healthy volunteers were recruited to serve as control subjects. Demographic information (age, gender) was collected, and volunteers completed a brief medical questionnaire to confirm they were not acutely ill, had no chronic medical conditions and were not taking medications. These healthy control subjects were of interest, as they had not received HCT and were not treated with IS.
Tolerant and non-Tolerant clinical phenotype
The tolerant phenotype was defined by successful discontinuation of all IS agents (minimum time from complete discontinuation of IS to time of sample acquisition of 6 months), and sustained absence of any detectable clinical, radiographic, or laboratory manifestations of acute or chronic graft vs. host disease. The absence of manifestations of graft vs. host disease was confirmed by at minimum two transplant physicians in each case. We acknowledge the lack of a robust standard clinical definition for tolerance post-HCT, however report here the sustained absence of GVHD among TOL cases in this series on long-term follow up. Through systematic search of the program database including all allogeneic transplant recipients, matched non-tolerant comparators (non-TOL) were identified who were not able to discontinue immune suppression due to GVHD. Non-tolerant comparators were matched to the individual tolerant cases by date of HCT (+/-6 months) and age at time of HCT (+/-5 years). From all possible non-tolerant comparators for each case, the best matched non-tolerant comparator was selected according to identity on the following factors in descending rank order: HLA matching between HCT donor and recipient (identical at HLA-A,-B,-C, and-DRB1 vs. mismatch), donor relation (sibling vs. unrelated donor), stem cell source (peripheral blood vs. bone marrow), GVHD prophylaxis agents, disease requiring transplantation, and conditioning regimen. This study was approved by the University of South Florida Institutional Review Board. All subjects provided written and verbal informed consent to participate in the study.
Assessment of clinical data
For all tolerant and non-tolerant HCT recipients, standardized medical record abstraction was performed. Baseline demographic and transplantation variables included the following: age at time of HCT, condition requiring HCT, remission status at time of HCT, stem cell source, CD34+ cell dose/kg body weight, donor relation, donor age, gender matching of donor and recipient, HLA matching at HLA-A,-B,-C, and-DRB1 loci, cytomegalovirus serologic matching between donor and recipient, conditioning regimen, and GVHD prophylaxis agents utilized. Comprehensive information was gathered on prior manifestations of acute and chronic GVHD including the following: Initiation and discontinuation dates of all immune suppressive agents; onset, peak grade, biopsy confirmation, therapy delivered, resolution date, and recurrent manifestations for both acute and chronic GVHD according to consensus criteria. [8, 9] Additional outcome data included relapse, death, last clinical follow up, and discontinuation of all IS.
Sample processing and cell subsets
Each subject consented to peripheral blood collection, which included two 10cc EDTA tubes. Freshly acquired samples were immediately processed uniformly in a single center using standard operating procedure, and analyzed in one batch. From one sample, peripheral blood mononuclear cells (PBMC) were isolated using the Ficoll-Hypaque method, and were immediately processed for characterization of cell phenotype by flow cytometry. PBMC were stained with labeled antibodies: T cells (CD3-Percp5.5, CD8αβ-FITC, CD8αα-PE, CD4-Alexa700, CD25-PE-Cy7, CD127-Alexa647); NK, B cells, and monocytes (CD3-Percp5.5, CD16-Alexa700, CD56-PE, CD19-PE-Cy7, CD14-FITC); Dendritic cells (HLA-DR-Percp-Cy5.5, Lin1-FITC, IL-3Ra (CD123)-PE, CD11c-APC). All antibodies were from BD Biosciences, except live/dead-yellow (Invitrogen). Red blood cells were lysed, samples washed, and samples were analyzed using the LSR II flow cytometer (BD Biosciences). We quantified immune cell subsets according to the following phenotypic markers: total CD4 T cells (CD4+); total CD8 T cells (CD8+); αβ CD8 T cells (CD8+, αβ TCR+); αα CD8+ cells (CD8+, αα TCR+); regulatory T cells (CD4+,CD25+,CD127(low)); NK cells (CD16+, CD56+); B cells (CD19+); Monocytes (CD14+); type 1 Dendritic cell (HLA-DR+, CD11c+, Lin-); type 2 Dendritic cell (HLA-DR+, IL-3Rα+, CD4(low), CD11c-, Lin-). Due to multiple comparisons, we utilized a pre-defined level of significance (p < 0.01) for comparisons between groups.
RNA extraction and microarray analysis PBMC were similarly isolated from the second sample, and total RNA was extracted to serve as the mRNA source for microarray analysis. RNA extraction was performed using the RNAeasy Mini Kit (Qiagen), and RNA was quantified using a NanoDrop 1000 spectrophotometer. The RNA quality was assessed using an Agilent 2100 Bioanalyzer. The poly(A) RNA was converted to cDNA, then amplified and labeled with biotin following the procedure initially described by Van Gelder et al. [10] Hybridization with the biotin labeled RNA, staining, and scanning of the chips followed the procedure outlined in the Affymetrix technical manual. [11] All analyses used the Affymetrix Human U133 plus 2.0 array, which contains approximately 48,000 probe sets designed from GenBank, dbEST, and RefSeq sequences clustered based on build 133 of the UniGene database and an additional 6500 transcripts identified from Unigene build 159. Scanned output files were visually inspected for hybridization artifacts and then analyzed by using robust multi-array average analysis (RMA). RMA is a well-established procedure that uses quantile normalization and a model-based signal calculation for determination of expression values in probe based microarray gene expression. [12] RMA is used to compute expression values for a set of Affymetrix microarray chips within an experiment. This process is robust to experimental noise and conditions and has been shown to reduce variability in expression calculations. RMA consists of three distinct steps: background adjustment, quantile normalization and summarization by median polish. The background adjustment step estimates and subtracts background levels from the perfect-match probes. This is followed by quantile normalization that equalizes chip intensity histograms to facilitate future cross-chip analysis. Finally, the probe-level data is combined into a single summary expression using a median polish. [12] [13] [14] 
Statistical Methods
Sample size calculation
Following the approach proposed in Tibshirani, et al, we used the SAM software to generate an estimate of power. [15] We utilized PBMC data run on the same platform (Affymetrix HG-U133Plus 2.0) from liver transplant patients in Martinez-Llordella, et al to generate estimates for sample size and power. [5] This experimental data was utilized for power calculation, as no such data was available at time of study design from tolerant and non-tolerant HCT recipients. The goal was to identify a minimum sample number threshold to identify differentially expressed genes at this initial discovery stage of this work. Using 10 TOL and 10 non-TOL liver transplant patients, and false discovery rate (FDR) of 10%, we estimated 99% power to detect an effect size of 1.5 for differentially expressed genes, assuming there are approximately 233 truly significant genes. Thus, a minimum sample size of 20 total subjects was required. However, to maximize our power to detect differences, we used the entire available patient sample set for discovery. Differences observed in this current study will inform future power calculations in a subsequent prospective study.
Analysis methods-Differential gene expression
The Significance Analysis of Microarrays (SAM) technique of Tusher, et al was employed to identify differentially expressed genes between phenotypic groups. [16] SAM was utilized for the two group (TOL vs. non-TOL) comparison with 10% FDR, and 1.5 fold difference in mean expression values. To account for confounding by immune suppression (absent in TOL vs. present in non-TOL cases), we employed the following analyses: We first utilized SAM to identify differentially expressed genes between TOL and non-TOL groups. Second, we compared each group (i.e. TOL vs. control, and separately non-TOL vs. control) to the healthy control group using SAM. Shared genes (unidirectionally different in both TOL and non-TOL with reference to controls) were considered non-informative and filtered out, and thus unique gene lists that distinguished TOL and non-TOL from controls were developed. Finally, for each group of interest (TOL or non-TOL), we retained only those genes from the initial two-group comparison that also were identified as unique genes in each comparison to control. Thus, the final gene list for the TOL group were those that distinguished TOL from both non-TOL and control, and the final gene list for the non-TOL group contained those that distinguished non-TOL from both TOL and controls. Functional Ontology Enrichment (MetaCore by GeneGo) with 5% FDR filter was utilized to identify enriched canonical pathways and cellular process networks.
Analysis methods-Cell lineage-specific gene expression
Gene set enrichment analysis (GSEA) was used to investigate enrichment of experimental data for cell lineage-specific (CD4+, CD8+, CD14+, CD19+, CD56+, CD66+) human gene expression. [17, 18] Analysis methods-Classifier construction Using these final TOL and non-TOL gene lists, a classifier was constructed using the leave-10%-out cross-validation method using R (R Foundation for Statistical Computing, Vienna, Austria). The stability of this classifier was tested across configurations including a range of 20-80 total probe sets, and each iteration of the classifier included 10-fold cross-validation. Diagnostic accuracy of the developed classifier is also demonstrated through a receiver operating characteristics (ROC) plot.
Analysis methods-Confirmation of differential gene expression
Differential expression of selected genes (those highly discriminative in our cross-validation work-selected at least 9-10 times in 10-fold cross-validation)-as well as those selected based on association with top-ranked enriched biologic process networks) was confirmed using NanoString nCounter technology. [19] All of the tolerant, non-tolerant, and healthy control subjects represented in the primary microarray work were studied with this technology.
A custom NanoString nCounter Gene Expression (GX) CodeSet with probes representing 43 genes was developed and the sample was processed on the NanoString nCounter Analysis System according to the manufacturer's protocol (NanoString Technologies, Seattle WA). Briefly, one hundred nanograms of RNA was hybridized to the reporter and capture probes in a thermal cycler for 16 hours at 65°C. Washing and cartridge immobilization was performed on the NanoCounter PrepStation, and the cartridge was scanned at 555 fields of view (FOV) on the nCounter Digital Analyzer. The resulting. RCC files containing raw counts were checked for quality in the NanoString nSolver Analysis Software v1.1, and then exported for normalization and analysis.
Analysis methods-Secondary matched-pair analysis
As a secondary analysis approach, a paired (matched TOL vs. non-TOL pairs) analysis utilizing Affymetrix MAS 5.0 comparison analysis for matched samples was performed. We also investigated shared differentially expressed genes between our data (TOL vs. non-TOL comparison) and previously published differential gene expression data following solid organ transplantation (TOL vs. non-tolerant comparator), and mapped shared genes to enriched pathways. [2] [3] [4] [5] 
Results
Patient characteristics
A total of 15 tolerant patients after HCT were identified and had sample collection. Two additional tolerant cases were identified, but were not able to participate in the study. A total of 17 non-tolerant comparators were selected based on age, time from HCT, and other clinical transplantation characteristics, and had samples collected. Demographic, transplantation, and GVHD characteristics of the included patients are detailed in Table 1 . Finally, a total of 10 healthy volunteer control subjects were recruited. These were without acute or chronic illness, and were not on any medications. Median age of controls was 32.5 (range 27-59) years, and included 7 females and 3 males. The TOL and non-TOL patients did not significantly differ according to demographic, disease, or transplantation characteristics ( Table 1 ). Note that Table 1 summarizes historical maximum GVHD severity and therapy, not GVHD activity or IS therapy at time of sample acquisition (i.e. tolerant patients by definition had no GVHD and were off IS at time of sample collection). These were adult patients with hematologic malignancies and disorders predominantly treated with myeloablative chemotherapy-based conditioning. The majority received peripheral blood stem cells from either matched sibling or matched unrelated doors. Initial GVHD prophylaxis was a calcineurin inhibitor together with either methotrexate or mycophenolate mofetil, and acute GVHD severity and treatment did not differ between groups. 
Stem cell source 
aGVHD treatment (agent 1)
Pred 2mg/kg The TOL and non-TOL groups did significantly differ in their history of chronic GVHD, as the non-TOL patients had greater NIH Consensus global severity of chronic GVHD and greater extent of therapy delivered for chronic GVHD: Among the TOL patients, 9 had no history of chronic GVHD, and 6 had a prior maximum mild chronic GVHD. Of these, only one required the addition of any systemic IS for chronic GVHD therapy. Among the TOL patients with any history of chronic GVHD, this was completely resolved at a median of 25.3 months (range 17.6-39.7) prior to the study sample acquisition. In contrast, the maximum global severity of chronic GVHD among the non-TOL patients was 1 (n = 5), 2 (n = 8), or 3 (n = 4). Chronic GVHD organ involvement included skin (n = 11), eye (n = 6), mouth (n = 6), GI (n = 5), liver (n = 8), lung (n = 2), and fascia/joints (n = 1). Therapy delivered included prednisone and additional systemic immune suppressive therapies, and none had discontinued all IS by time of study sample acquisition. We examined potential confounding from the type of IS agents among non-TOL patients at the time of sample acquisition: We performed SAM analysis according to the methods described above to discern differential gene expression based on presence/absence of each type of IS agent, and compared these differentially expressed genes against differentially expressed genes that segregated the TOL and non-TOL phenotypic groups. As no genes overlapped, we report that the observed differential gene expression is not likely explained by effects from the presence or type of IS.
The median time from HCT to study sample acquisition (TOL 38.5 vs. non-TOL 39.5 months) did not differ between groups, p = 0.97. The median time from complete IS discontinuation to study sample acquisition among TOL patients was 19.15 (range 7.1-68) months.
Immune cell subsets
Immune cell subsets were identified through evaluation of cell surface markers (Table 2) . There was a suggestion toward increased total CD8+ T cells, and specifically CD8 αβ T cells in the TOL group. However, based on our pre-specified significance level of 0.01 in the setting of multiple comparisons, we did not observe significant differences in any of the studied immune subsets between TOL and non-TOL groups.
Two-group (TOL vs. non-TOL) analysis
In the initial two-group comparison, SAM identified 231 probe sets over-and 412 under-expressed in the TOL vs. non-TOL group. Enriched process networks included those related to NK cells (NK cell cytotoxicity), phagocytosis and antigen presentation (phagocytosis, phagosome in antigen presentation), B cell signaling (BCR pathway), and lymphocyte differentiation and signaling (T helper cell differentiation, TCR signaling, protein C signaling, anti-apoptosis mediated via MAPK and JAK/STAT, lymphocyte proliferation, JAK-STAT pathway, and Th17-derived cytokines) ( Table 3) . Individual probe sets represented in enriched process networks are listed in (S1 File).
The secondary matched paired analysis identified 255 probe sets over-and 150 under-expressed in the TOL vs. non-TOL groups. Enriched process networks included TCR signaling (p = 1.1E-05), T helper cell differentiation (p = 0.00086), BCR pathway signaling (p = 0.0029), and NK cell cytotoxicity (p = 0.009). This secondary approach invoking matched-pair analysis was conducted to reduce potential heterogeneity from other clinical factors. While we note that the primary (group-wise SAM comparison) and secondary (pair-wise comparison using Affymetrix MAS 5.0 comparison analysis for matched samples) employed different statistical methods, we examined the concordance in findings across these methods. Of the total genes identified in the secondary approach, 41% of them were concordant with the main analysis (S6 File). Differentially expressed genes in our analysis were compared with those identified in published comparisons of tolerant vs. non-tolerant comparators in liver and kidney transplantation, and these were mapped to enriched cellular process networks (Table 4) .
Three group (TOL vs. non-TOL vs. control) analysis SAM identified 643 probe sets differentially expressed between TOL and non-TOL groups. The TOL vs. control analysis identified 5,687 probe sets, of which 2,273 were unique after filtering out non-informative shared probe sets (those represented in both TOL vs. control and non-TOL vs. control lists and unidirectionally different from control). The non-TOL vs. control analysis identified 4,788 probe sets, of which 1,376 were unique. The final TOL list contained 281 probe sets, which were differentially expressed in the TOL group vs. both the non-TOL and control groups. The final non-TOL list contained 122 probe sets which were differentially expressed compared to both TOL and control groups. Differentially expressed probe sets in the TOL and non-TOL groups were enriched for immune response genes focused in the innate immune response, NK cytotoxicity, lymphocyte signaling and regulation, apoptosis and cell cycle control. The direction and magnitude of differences with respect to each comparison group is represented in Figs. 1-4 for selected genes; from the total 281 TOL and 122 non-TOL probe sets, these genes were selected for presentation based on their association with top-scored cellular process networks, > 2-fold change vs. comparator groups, and relevance to established mechanisms of immune tolerance.
Classifier construction and cross-validation
The leave-k-out cross-validation method was utilized to train aclassifier for the phenotypic groups (TOL vs. non-TOL) based on the observed differential gene expression. For each of 10 rounds of cross-validation, 10% of the total sample was left out for testing the classifier. A number equal to 10% of the total samples was obtained by randomly selecting members from each of the two groups in order to have a balanced hold-out set. This was repeated 10 times with unique samples selected at each cross validation. For each validation the remaining 90% of samples where used to select the features and train the artificial neural network (ANN). The number of correct and incorrect classifications were computed for each cross-validation and detailed in a confusion matrix. The overall weighted accuracy was determined for the classifier. An accurate classifier (> 90% accuracy, correctly classifying 14/15 TOL cases and 15/17 non-TOL cases) was developed only utilizing 20 probe sets, and classifier accuracy was stable (ranging from 87.5 to 90.6%) across the range of included (20-80 total) probe sets. The highest ranked (selected for classifier development 9-10 times out of 10 total rounds of cross-validation) probe sets and corresponding genes from the 20-probeset classifier are listed in Table 5 , and ROC diagnostic accuracy plot is shown in Fig. 5 . Full data on cross-validation results are presented as S2 and S3 Files. Differential gene expression confirmed by NanoString is shown in Figs. 6-9.
Cell lineage-specific gene expression enrichment
The GSEA method was used to determine enrichment for cell lineage-specific gene expression separately for the final TOL and non-TOL gene lists (Table 6 ) and differential gene expression discerned from the initial 2-group SAM comparison of TOL and non-TOL subjects (Table 7) . Additional supplemental data is provided (S4 File). Direction and magnitude of change in non-TOL group vs. TOL and control: Genes with decreased expression in non-TOL group. *KLRC2-killer cell lectin-like receptor subfamily C, member 2 (NKG2C); KLRC3-killer cell lectin-like receptor subfamily C, member 3 (NKG2E); KLRC4-killer cell lectin-like receptor subfamily C, member 4 (NKG2F); KLRD1-killer cell lectin-like receptor subfamily D, member 1 (NKG2A); KLRK1-killer cell lectin-like receptor subfamily K, member 1 (NKG2D); GZMA-granzyme A (granzyme 1, cytotoxic T-lymphocyte-associated serine esterase 3); GZMB-granzyme B (granzyme 2, cytotoxic T-lymphocyte-associated serine esterase 1); GZMK-granzyme K (granzyme 3; tryptase II); GNLY-granulysin; BY55 (CD160)-CD160 molecule; PLCXD2-phosphatidylinositol-specific phospholipase C, X domain containing 2; TOX-thymocyte selection-associated high mobility group box; DUSP2-dual specificity phosphatase 2; IL-18RAP-interleukin 18 receptor accessory protein; IL-2Rβ-interleukin 2 receptor, beta; TGFBR3-transforming growth factor, beta receptor III; CXCR6-chemokine (C-X-C motif) receptor 6; CCL4 (MIP-1-β)-chemokine (C-C motif) ligand 4; DLG5-discs, large homolog 5; GZMA-granzyme A (granzyme 1, cytotoxic T-lymphocyte-associated serine esterase 3); GZMB-granzyme B (granzyme 2, cytotoxic Tlymphocyte-associated serine esterase 1).
doi:10.1371/journal.pone.0117001.g003
Replication in an independent patient set Comprehensive search for comparable independent patient sets was performed using GEO Datasets. We identified one comparable study (Agilent microarray, 35 cGVHD and 28 non-GVHD samples). [20] While important differences limited this comparison (patient characteristics, time post-HCT, institution, time period, microarray platform), we attempted to replicate our findings in this comparable data set. We applied SAM analysis (1.5 fold change in gene expression, FDR of 5%) to this data set, and identified 36 probe sets that overlapped between this and our primary data set. These differentially expressed genes were mapped to annotated pathways using GeneGo by MetaCore (S5 File). 
Discussion
Current management of IS after HCT is empiric and complicated by risk of GVHD and its associated morbidity and mortality. Biologic markers of immune tolerance after HCT may provide mechanistic insight into transplantation tolerance and guide IS treatment after HCT. We studied differential gene expression in the peripheral blood of TOL and non-TOL HCT recipients, and healthy controls. The principle finding from our analysis is that differential gene expression in PBMC can provide insight into transplantation tolerance biology, and can be utilized to develop a genomic classifier with a high degree of accuracy to distinguish TOL from non-TOL patients after HCT. Differentially expressed genes in the TOL group were enriched for immune response pathways and recapitulated experimental mechanisms of immune tolerance: Expression of leukocyte immunoglobulin-like receptors (LILRA5, LILRA2) was decreased in the TOL group; these LILR are activating and associated with release of pro-inflammatory cytokines. [21] The Ig receptor superfamily member FCRL3 was over-expressed in the TOL group; this molecule is involved in immune regulation, negatively regulates B cell receptor signaling, [22] and may distinguish a distinct subset of Treg. [23] Major components of the toll-like receptor signaling cascade (TLR4, TLR8, PELI2, IRAK3) were under-expressed as well; TLR/MyD88 signaling plays a key role in experimental models of transplantation tolerance, [24, 25] and TLR4 inactivation protects against GVHD. [26] Several important cell signaling molecules were over-expressed: TOX is known to be involved in CD4 T cell lineage development, and important for Treg and CD1d-dependent NKT cells. [27] LAG3, a major negative regulator of CD4 and CD8 T cell activation and important for Treg homeostasis, function, and inhibition of DC activation, was over-expressed. [28] [29] [30] Conversely, SOCS2 (involved in DC maturation), [31] and beta arrestin 1 (involved in T cell activation, enhances transcription of IFN-γ and IL-17; increased in primary biliary cirrhosis patients) [32, 33] were decreased. Among cytokines and their receptors, TOL patients had decreased expression of IL-13RA (IL-13 induces B cell proliferation and differentiation, and is expressed on Th17 cells), as well as BAFF and APRIL (major B cell activating TNF ligand family members implicated in human chronic GVHD). [34] [35] [36] Conversely, TGFBR3 (TGF-β co-receptor relevant to TGF-β receptor complex stability and signaling), [37] expression was increased. This finding is in keeping with the established relevance of TGF-β in immune tolerance, and previous seminal work demonstrating the importance of TGF-β pathway mediators in human GVHD. [38] As well, IFN-γ was increased in TOL patients. This has been demonstrated to have both pro-inflammatory and immuno-regulatory actions, [39] importance in migration of Treg and conventional T cells to GVHD target organs, [40] and to mediate immune-regulatory function in FoxP3+ Tregs in experimental GVHD. [41] In keeping with published data in solid organ transplantation tolerance, TOL patients had decreased expression of anti-apoptotic (DAPK1, SOD2, PPT1, SOCS2, VNN1, SMAD1, GSN), and increased expression of pro-apoptotic (GZMH, PLEKHF1) mediators, as well as involvement of cell cycle control genes. Differentially expressed genes in the non-TOL group were strongly associated with NK cell cytotoxicity, antigen presentation, lymphocyte proliferation, and cell cycle and apoptosis cellular process networks: Multiple NK cell/lectin receptors (By55/CD160, KLRK1, KLRD1, KLRC4, KLRC3, KLRC2) and cytolytic effectors (granulysin, and granzymes A, B, and K) were under-expressed in the non-TOL group with respect to both TOL and control subjects. [42] Tolerogenic activity of NK cells has been related to killing of activated T cells, production of IL-10, competition with CD8+ T effectors for IL-15, and killing of antigen-presenting DC.
[1] While we did not detect decrease in absolute NK cell numbers, these gene expression findings are in keeping with a cohesive finding of NK deficiency in human chronic GVHD, [43, 44] as well as the primacy of NK-associated gene expression changes (including specifically CD160 and NKG7) in distinguishing tolerant vs. non-tolerant liver transplant recipients in Martinez-Llordella, et al. [5] There was over-expression of TLR/MyD88 signaling (DUSP6, TLR1), complement receptors (VSIG4, CR1, CD93), and Fc receptors (FCGR1B, FCER1G), again highlighting the important role of the innate immune system. Among signaling mediators, GAPT (GRB2-binding adaptor protein associated with B cell activation), [45] and MNDA (myeloid cell nuclear differentiation antigen expressed in cells of the granulocyte-monocyte lineage and involved in response to interferon) were increased; interferon-inducible Ifi200-family genes (including MNDA) have been associated with autoimmune disorders, including systemic lupus erythematosis. [46, 47] In contrast to TOL, the non-TOL patients had increased BAFF, and decreased TGFBR3. In keeping with findings after solid organ transplantation, non-TOL patients had increased expression of anti-apoptotic (SOD2, CARD16) and decreased expression of pro-apoptotic (GZMB, GZMA, DLG5) mediators, and involvement of molecules relevant to cell cycle control.
Our analysis is strengthened by the following: First, TOL and non-TOL patients were precisely matched to mitigate confounding by other clinical characteristics. As well, we invoked healthy controls, and filtered out non-informative genes to account for confounding due to the absence or presence of immune suppressive agents. In addition, all post-HCT patient and control subject samples were freshly obtained, and processed identically in a single center to minimize technical artifacts. Finally, we also considered the impact of sample cellular composition, however we did not detect significant differences in immune subsets across TOL and non-TOL groups. Our cell lineage-specific gene enrichment analyses, however, provide hypotheses for subsequent investigation.
We note the following limitations: First, candidates identified in this single sample crosssectional study require further validation in a larger independent cohort; such validation was attempted using a previously reported independent cohort, [20] but was unsuccessful. As well, despite rigorous efforts to account for confounding effects, it is not known whether the developed classifier in this current approach will perform comparably in a prospective study in which samples are drawn prior to IS discontinuation and subsequent clinical phenotype is observed. Multiple time-point prospective trials may also be able to detect dynamic changes over time associated with development of immune tolerance. Second, there are several considerations in the clinical samples obtained: While tolerance associated changes in gene expression in PBMC may not reflect those changes occurring in other compartments, it represents a clinically feasible approach. Similarly, study of flow-sorted individual immune cell populations is of interest, but limited by its time-and resource-intense demands. Next, our study was limited to transcriptional analysis by microarray. Additional insight may be gained with RNA sequencing, proteomics, and other technologies. Next, we acknowledge that the patient, disease, and transplantation characteristics of our study sample are not representative of the overall diversity of these factors among the overall HCT population; for example, there is limited representation here of alternative donors (mismatched unrelated, umbilical cord blood, or haploidentical). These and other limitations speak to the need for larger studies representative of this diversity. Finally, while comparison of post-HCT tolerance-associated gene expression to that reported after solid organ transplantation is of interest, there are several differences (e.g. type of non-tolerant comparator group, timing of sample acquisition post-transplant, additional clinical confounding variables, variation in platform and analytic methods utilized) that limit this comparison. Thus, synthesis of immune tolerance associated gene expression changes across these studies based on current evidence is limited.
In summary, we conclude that differential gene expression from peripheral blood samples can be utilized to accurately classify TOL and non-TOL patients post-HCT. If validated, the clinical application of this technology could facilitate personalized discontinuation of IS after HCT. Supporting Information 
